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Abstract: In this paper, we propose, implement and user-validate a training tool for saving fuel 
that uses some elements from games in order to promote efficient driving and provide feedback to 
the user. The proposed system uses a fuzzy logic system in order to assess the driving style from the 
point of view of the fuel consumption. The output is a score between 0 (not efficient) and 10 
(efficient). This value can be compared with the scores obtained by other users of the solution that 
have similar characteristics in order to do a fair comparison and to obtain ecodriving advices 
adapted to the user’s context and environment (e.g., braking frequency is greater on urban road 
than highway). Providing feedback to the user is essential in ecodriving systems for changing bad 
driving habits and not returning back to them. In our case, the system provides two types of 
feedback. The first type of feedback is provided in real time. When the user does not comply with 
some of a preconfigured set of eco-driving rules, he or she gets a warning message. The second type 
of feedback is based on a calculated relative score for each user according to his or her driving style, 
positioning the user into a ranking of eco-driving users and generating a set of eco-driving tips. A 
validation experiment has been conducted with 36 participants on three different routes in Spain. 
The results show that the use of gamification tools and techniques in eco-driving assistants helps 
drivers not to lose interest for fuel saving and helps them not to return back to their previous bad 
driving habits.
  The driving style has a direct effect on the fuel 
consumption of vehicles. An aggressive driver 
demands and wastes a lot of energy. Driving 
without exceeding a speed limit, smoothly des/
accelerating, properly changing gears and 
maintaining a relatively constant speed provide 
a positive contribution in saving fuel and 
reducing greenhouse gas emissions. Adopting 
an efficient driving style, drivers can save up to 
25% of fuel [1] [2]. 
I. Introduction
  In addition, it improves comfort, reduces the risk and 
severity of accidents and there is less degradation of 
vehicle components. However, the percentage of fuel 
savings depends on the type of vehicle. In modern 
vehicles, it could be less important. For example, 
some vehicles include a system that automatically 
adjusts the acceleration regardless of the intensity with 
which the user presses the throttle pedal. For the driver 
to change his driving style to a more efficient one, 
motivation is a very important factor. In recent years, 
governments tend to require that a driver drives 
efficiently in order to get the driver’ s license.
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For example, in Spain since January 21, 2013 the 
examiner assesses whether the student drives at high RPM, 
anticipate traffic flow and accelerates or brakes smoothly. 
However, the effectiveness of this learning depends on 
stimulation. There are several studies that have observed a 
certain degree of deterioration in fuel efficiency over time 
[3] because drivers return back to their previous bad driv-
ing habits. Driving is a very complex activity in which the 
driver has to perform multiple tasks at the same time, so it 
is usual that the driver does not worry about fuel economy. 
Continuous feedback is necessary and it can be supplied 
through the new technologies introduced in the vehicles 
such as: vehicle’s Controller Area Network (CAN) bus, On 
board Diagnostic Port (OBD), On Board Vehicle Systems, 
Smartphone, and Vehicle-to-vehicle network (V2V). In 
[4], the authors propose a device that provides real-time 
audio and visual feedback to the driver in order to improve 
his/her driving style. The solution warns the driver when 
he or she is driving aggressively. In addition, the driving 
assistant recommends to change gear when it detects the 
driver is not driving economically. The system was tested 
on 15 vans belonging to various companies in the UK and 
over 39,000 km of data was collected. It was observed that 
use of the device saved an average 7.6% of fuel. However, 
we have taken into account that eco-driving assistant can 
have a negative effect on driving when they do not provide 
the correct feedback [5]. Eco-driving systems have to be 
non-intrusive and not to require high-demanding user 
attention. In addition, the system should clearly show fuel 
savings achieved when using the system to encourage the 
adoption by the user. 
One way to motivate the user to save fuel is using gamifi-
cation. Gamification consists of using game techniques in a 
non-game context to perform arduous and repetitive activi-
ties. This improves the engagement of the user. In [6], we can 
see a review about gamification and the impact on teaching. 
There are many scenarios where this concept is applied. For 
example in [7], authors used emoticons and sounds to encour-
age the recycling of bottles. The emoticon smiles when a user 
throws away a bottle in the garbage. They conclude that the 
proposed system increases the recycling rate by a factor of 3. 
In [8] the authors propose an application to report road acci-
dents. The application uses a game layer to motivate drivers to 
use it and make it more fun. Another example is INNOV8 [9]. 
INNOV 8 is a game developed to teach new employees the IBM 
Business Process Management. This software trains employ-
ees without spending money on transportation for a teacher. 
Besides, the results are even better than those obtained with 
traditional methods.
Gamification has become very important in recent 
years. Figure 1 shows the evolution of gamification as a 
search term according to Google Trends. The numbers on 
the graph reflect how many searches have been done for a 
particular term, relative to the total number of searches (for 
that concept) done on Google over time. They don’t repre-
sent absolute search volume numbers, because the data is 
normalized and presented on a scale from 0-100. Each point 
on the graph is divided by the highest point, or 100.
Moreover, social networks in combination with gamifi-
cation techniques can positively influence the driver’s moti-
vation to save fuel. A method for utilizing fuel consumption 
data in an incentive system for the Tampere City Transport 
based on sharing individual driver’s average fuel consump-
tion in a specific group compared to the average fuel con-
sumption of all drivers in that specific group was proposed 
in [10]. A different social awareness system to promote eco-
driving was presented in [11]. The system obtains informa-
tion about the driving styles using both GPS and motions 
sensors. Then, communication technology is employed in 
order to promote eco-driving and safe-driving. The infor-
mation was made available through a web site and some 
social experiments for the promotion of eco-driving and 
safe-driving were implemented. In [12], the authors propose 
a social networking platform that uses gamification tech-
niques and tools in order to promote ecology. Users register 
ecological actions to earn points. The actions performed by 
each user are posted on the timeline of the website where 
all the actions performed by the user’s friends are shown. 
In addition, the activity may be shared with other external 
social networks. The people who used the application said 
that the system helped them to have fun when they recycle. 
However, this solution has many problems. First, the user 
has to manually register the ecological actions, so he or she 
may be less motivated than in the case of automatic registra-
tion. In addition, we have to trust in the user truthfulness. 
On the other hand, the scoring system is subjective since it 
depends on the score that other users assign. It also does not 
take into account the characteristics of the vehicle or the 
environment conditions.
This paper presents the implementation and user valida-
tion of a training tool for saving fuel that uses some elements 
from the games. In that case, the challenge is to comply with 
the following rules during the trip:
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FIG 1 Evolution of “Gamification” as a search term. Source: Google Trends.
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? Driver must not drive at high speed
? Avoid braking or accelerating sharply
? Avoid braking or accelerating unnecessarily
? User should drive at steady speed
? ?Engine speed should be low
The solution employs the following gamification tools:
Score: It will be determined by the degree of compliance 
with the eco-driving rules and the fuel consumption. More-
over, the proposal indicates to the users what improvements 
they should make in their driving style in order to improve 
it. Therefore, we avoid the notion that the score comes from 
a black-box.
Relative Leaderboard: The ranking position depends on 
the score in the evaluation of the user’s driving style. The 
leaderboard only shows the points obtained by other drivers 
under similar conditions in order to make a fair compari-
son. This gamification tool lets drivers compete to obtain a 
higher ranking by complying with more eco-driving rules. 
This could be a source of motivation for competitive drivers. 
In addition, it can provide:
? Recognition
? An incentive to improve
? Social proof
? A sense of belonging to a community
? Simplicity
Badges: They are elements that allow us to define goals 
that have a positive impact on fuel consumption. Driver can 
check the list of unlocked achievements and compare them 
with those of another user with similar characteristics. 
This gamification tool could drive more direct competition 
between two specific players who are trying to beat each 
other. In addition to the benefits of the leaderboards, this 
method can provide instructions about what type of driving 
behavior minimizes the energy demands. This function is 
useful for the learning process. 
This paper experimentally validates the results by 
deploying the eco-driving assistant on 3 different models of 
vehicles with different drivers on different environments. 
The diagnostic port (OBD2) [13] that is present in most of 
today’s vehicles is used to evaluate the eco-driving rules and 
to obtain fuel consumption. 
There are many references in related literature about Eco-
driving, showing its benefits for reducing fuel consumption 
and emission of gas pollutants while increasing safety, from 
former studies that show how the implementation of certain 
eco-rules improve fuel consumption and gas emissions such 
as [14] [15] to recent proposals that use some of the vehicle’s 
surrounding elements information such as the traffic flow 
state and upcoming traffic signals to anticipate optimal 
acceleration and deceleration patterns such as [16] [17].
Basically, eco-driving is based on the assumption that 
providing eco-driving advice to the driver positively cor-
relates with the decrease in fuel consumption. All major 
related references try to somehow prove this assumption. 
There are several ways and mechanisms that have been 
used to tackle this issue. 
The authors in [15] analyzed the influence of the driv-
ing style and road characteristics on greenhouse gas emis-
sions and fuel consumption. Their conclusions were that 
if eco-driving advices are used, fuel consumption can be 
decreased from 5 to 25 per cent. On the other hand, they 
observed that on some occasions, drivers misinterpret 
the eco-driving advices adopting a driving style less effi-
cient than the one that they previously had. The study also 
highlighted the need to continuously motivate the drivers 
because many of them consider eco-driving styles “boring”.
Other authors [14] [18] also observed that drivers forget 
or do not feel motivated to apply their knowledge. Continu-
ous feedback improves and maintains the effects achieved 
by learning [19] [20] and should be consider in the design of 
any eco-driving assistant.
Showing instantaneous fuel consumption feedback to the 
driver could be enough to promote the use of eco-driving 
styles [18]. The results from 20 samples of drivers in South-
ern California [21] showed that on average the fuel economy 
on city streets improved by 6% while the fuel economy on 
highways improved by 1%.
Several eco-driving and eco-routing solutions need fuel 
estimation models. The authors in [22] proposed an algo-
rithm for estimating the fuel consumption which takes into 
account the number of stops, average speed, gear, friction 
coefficients and several engine parameters.
On the other hand, some authors try to find control strat-
egies to optimize fuel consumption. The research in [23] 
proposed a control strategy to drive efficiently that employs 
dynamic programming to determine which is the adequate 
speed and adequate gear at any given time.
Another way to save fuel is to identify the most common 
vehicle type travelling on the road in order to predict the 
traffic flow and reduce the greenhouse gas emissions. In 
[24], the authors propose to use neural network to classify 
vehicles. Vehicle classification data are very useful for the 
pavement design, pavement-maintenance scheduling, com-
modity flow analysis, highway-capacity analysis, weight 
enforcement, and environmental analysis.
There are also studies that analyze the impact of eco-
driving assistant and the fatigue experienced by drivers. 
The study in [25] realized a comparison between the fatigue 
experienced during normal driving and the fatigue caused 
by eco-driving. The conclusions were that if we use an eco-
driving assistant, the fatigue will be lower than normal 
driving or eco-driving friendly driving without assistant.
Sometimes, eco-driving may come into conflict with 
safety. For example, reducing the use of the brakes and cir-
culating at a higher gear could have adverse effects on the 
control of the vehicle. The authors in [26] identified a set of 
??? ????????????? ??
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factors associated with the vehicle, the driver and the envi-
ronment that could affect the safety and/or energy consump-
tion. However, there are a number of factors that influence in 
a positive way both for safety and fuel consumption. Authors 
in [26] observed that following a training program about 
eco-driving reduces the number of accidents (25%), fuel con-
sumption (11%) and greenhouse gas emissions (from 23% 
up to 50%). Improving safety and energy consumption at the 
same time, as well as maximizing the traffic throughput or a 
certain road is also behind projects such as the Google Driv-
erless Project [27] and the EU funded SARTRE project [28].
There are also some works that focus their attention on 
predicting the near future constrains for the vehicle in order 
to be able to anticipate the driver’s behavior to optimally fulfil 
them from the fuel consumption point of view. The authors 
in [17] calculate, using model predictive control, the appro-
priate vehicle control input based on vehicle fuel consump-
tion model, anticipation of the preceding vehicle and status 
of traffic signals in a varying road-traffic environment for 
ecological driving. The authors however only validate the 
results by simulation and not in a real environment. The 
authors in [16] propose a system to provide real-time advice 
based on changing traffic and infrastructure conditions by 
adjusting the speed of the vehicle if the information of the 
timing in upcoming traffic lights is known. A similar system 
that optimizes fuel-consumption based on the knowledge of 
the timing of the traffic lights has recently been proposed in 
[29]. The potential impact of such a system is only simulated. 
One of the major issues related to anticipation to the near 
future constrains is the ability to detect and recognize traf-
fic signals [30]–[32]. 
The technological evolution in mobile devices makes 
them a suitable platform for implementing eco-driving 
assistants. The authors in [33] describe a mobile phone 
application that uses GPS function to promote eco-driving. 
The proposed application is suitable for automobiles that are 
not equipped with an eco-driving monitoring system. The 
authors in [34] proposed a system that used embedded sen-
sors in mobile devices for road surface monitoring.
In order to motivate the driver to adopt an efficient driv-
ing style, we propose to use gamification tools. The main 
research question addressed by the proposed system is to 
validate and quantify the positive impact on fuel consump-
tion when we compare the driving style of users that have 
similar features. The solution uses vehicle telemetry and 
environment information for clustering users who have 
major characteristics in common.
Then, a ranking among the users in each cluster is made. 
The ranking position depends on the score in the evalua-
tion of the user’s driving style. A fuzzy logic system is used 
to assess the driving style. The output is a value between 0 
(inefficient driver) and 10 (efficient driver). Finally, we com-
pare each member of the cluster with the best driver getting 
the eco-driving tips to improve his position in the ranking, 
and therefore, to save more fuel. 
The user receives two types of feedback. The first type of 
feedback is provided in real-time when the driver does not 
comply with the eco-driving rules. Real-time feedback is very 
effective since it allows the user to correct the negative actions 
without having to remember the eco-driving advice provided 
by the system. The second type of feedback takes place when 
the trip finishes and the system reports about: user score, the 
position in the ranking, fuel consumption and what actions 
should be performed to improve the driving style. 
Google play services [35] is used to implement the lead-
erboards and the achievements. Drivers can compare their 
score and badges with friends or other users of the applica-
tion. Google allows us to add new contacts who are play-
ing with the application. Therefore, the application helps to 
expand the friend’s network. 
The second type of feedback is based on social incen-
tives, so they are essential to encourage the user for using 
the system and applying the eco-driving advices. 
Figure 2 shows a schema of the proposed system. In the 
following subsections, we describe each component of the 
proposed awareness game.
A. Identification of Users with Similar Characteristics
Fuel consumption and driving style depend on many fac-
tors such as: traffic state, weather conditions, road type and 
vehicle. Comparing driving styles is a very complex task. 
Therefore, direct comparison of drivers may give inaccurate 
results. In our case, we propose to cluster drivers taking into 
account the following attributes:
Average Speed (Km/h): Average speed allows us to group 
users who have taken a trip on roads with comparable speed 
limits. The speed limit of the road allows us to determine 
the type of road where the vehicle is located. 
Time: They have an influence on fuel consumption and 
driving style. In the rush hour, it is frequent that fuel con-
sumption and de/acceleration increase. Moreover, average 
speed falls. These negative actions are not due to bad driv-
ing habits. They are caused by external environment condi-
tions. Although, the route and vehicle is the same, the fuel 
consumption changes in each test at different hours. To 
make the comparison fair, it is appropriate to compare the 
samples that are obtained in a similar time interval.
Weather conditions and traffic events: when weather con-
ditions are adverse, the vehicle speed decreases. Under these 
conditions, it is usual to confront traffic jams, increasing the 
accelerations and slowdowns. In addition, fuel consump-
tion can increase due to changes in aerodynamic resistance. 
These factors are unrelated to the driver, but however can 
produce large changes in comparison with data obtained 
under normal conditions, so we must have them in mind 
when we evaluate the driving style. The system obtains the 
???? ?????????? ???????????????????
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road incidents and weather conditions from web services 
(DGT and AEMET) [36] [37]. The received xml files are pro-
?????????????????????????????????????????????????????????
shows the variables that are taken into account when we 
build clusters.
Trip distance: the length of the route is a factor that may 
influence in the evaluation of the driving style. If the trip is 
short, inefficient actions can have a greater impact on the 
final result.
Percentage of time driving over 50 km/h: This attribute 
is used to identify the type of road where the driver is driv-
ing. In Spain, the speed limit is 50 km/h on urban roads. 
The type of road is very important to fairly compare drivers 
because in urban roads, accelerations and slowdowns are 
more frequent, resulting in an increase in fuel consumption.
Stop rate: The vehicles consume a lot of fuel when the 
vehicle is stopping and restarting. Therefore, this variable is 
very important in order to compare the drivers in a fair way. 
Its value depends on the distance traveled and the number 
of stops.
Percentage of time that the vehicle is stopped: If the 
vehicle is stopped by a large amount of time during the trip 
means that the road conditions are bad or that driver is driv-
ing on urban roads where there are a large number of traf-
fic lights and traffic signals that force the vehicle to stop. 
In this scenario, the number of accelerations (positive and 
negative), fuel consumption and variation in the speed will 
increase in comparison with the results obtained in high-
ways or when the road conditions are good. For this reason 
we must bear in mind this variable to build the clusters.
Vehicle features: the impact of accelerations, decelera-
tions, vehicle speed and engine speed depends on the vehicle 
type. For example, if the vehicle is old, the maximum speed 
from which the fuel consumption grows exponentially will 
be lower than in modern vehicles that have aerodynamic 
improvements.
FIG 2 Awareness game architecture.
Table 1. Weather and road variables.
Variable Units
Weather Temperature °C
Wind speed Km/h
Precipitation mm
Road incidents Level Black
Red
Yellow
Green
?????????????????????????????????????????????????????
Web Services
1. Weather and
Traffic
1. Vehicle Location
1. Vehicle
Telemetry
8. Voice Output. 
Example: “Don’t 
Slow Down Sharply”
Driver 
7. Send Eco-Driving
Tips to Android
Mobile
2. Send Vehicle Telemetry and
Environment Information
INTERNET
3. Assign Cluster
4. Calculate the Boundaries for the Score System and Achievements
5. Calculate User Score
6. Compare the User Telemetry with the Best Driver in the Cluster
Get Eco-Driving Advices
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Table 2 shows fuel consumption grouped by the intensity 
of the acceleration using a Citroen Xsara Picasso 1.6 HDI. 
Table 3 captures the results for a Ford Fusion 1.4 HDI. In 
both cases, the driver, the route and traffic conditions were 
the same. We can observe in the first case that the fuel con-
sumption increased significantly from 2 m/s2, while in the 
second case the fuel consumption grew especially when the 
intensity of the acceleration was higher than 2.5 m/s2. We 
must highlight that the vehicle weight of the Ford Fusion 1.4 
HDI is lower than Citroen Xsara Picasso 1.6 HDI, therefore, 
the influence of the acceleration is also lower. 
The results show that the vehicles features should be 
similar to make a fair comparison among drivers. In this 
paper, we take into account the following variables: vehicle 
weight, power engine, fuel type, drag coefficient, and age.
To group the social network users, we employ the Expec-
tation-Maximization Algorithm (EM). This probabilistic 
clustering algorithm is based on obtaining the probability 
density function to which data belongs. For estimating the 
probability density function, we can use a distribution such 
as: Normal, t-Student, Bernoulli, Poisson, and log-normal. 
The distribution parameters are calculated maximiz-
ing the log-likelihood function. This function evaluates to 
what degree the data fit to the distribution function. This 
algorithm is widely used because it requires low amount of 
memory, is immune to noise when the dataset is large and 
does not need to choose a metric that it is the most critical 
step when it comes to clustering.
B. Score System and Retrieving Eco-Driving Tips
We calculate the user score using fuzzy logic. This method 
allows us to simulate the human knowledge when carry-
ing out certain tasks such as driving. The proposed sys-
tem is able to evaluate the driver’s driving style based on a 
knowledge base and the information obtained through the 
vehicle’s diagnostic port (OBD2). The OBD2 port allows us to 
obtain the vehicle telemetry. The knowledge base contains 
the rules (see section F) that define whether driving is effi-
cient or not. The input variables of the system are:
Percentage of sudden de/acceleration: Acceleration 
involves increase in energy demand and deceleration impli-
cates energy loss. A novel or aggressive driver accelerates 
and slows down sharply even if the road conditions are good. 
Standard deviation of the vehicle speed: When a vehicle is 
accelerating, it is necessary to overcome a force proportional 
to vehicle mass and the acceleration. During acceleration, 
higher acceleration or vehicle mass means more demand 
of traction force on the wheel, and therefore, an increase 
in fuel consumption. After reaching the desired speed, fuel 
consumption is decreased because the resistance force due 
to the acceleration is zero. For this reason, the driver must 
avoid changing vehicle speed whenever possible. 
Percentage at high engine speed: The fuel flow depends 
on power required by the engine. When the engine is warm, 
the energy power demand is directly related to the pedal posi-
tion and engine speed (R.P.M). At the same speed, if we drive 
at high gear, the engine will run at lower R.P.M and consume 
less fuel compared to driving with low gears. For this reason, 
the driver should try to minimize the use of low gears.
Percentage at high speed: The fuel consumption grows 
exponentially when we drive at high speeds due to an 
increase in resistance to the movement (drag force). How-
ever, we must bear in mind that the speed limit to save fuel 
depends on the engine performance and aerodynamics. In 
the tests, driving a Citroen Xsara Picasso 1.6 HDI 90 CV, we 
have observed that the fuel consumption increased about 
10% from 110 km/h to 120 km/h.
PKI: This variable measures the aggressiveness of driv-
ing and depends on the frequency and intensity of posi-
tive acceleration. A low value means that the driver is not 
aggressive. We can find more information about metrics 
used to measure the smoothness of driving in [38], [39], and 
[40]. PKI is calculated using the following equation:
PKI d
v vi i 1 2
=
- -^ h/
(1)
where v  is the vehicle speed (m/s) and d  is the trip distance 
(meters) between vi  and .vi 1-
The output of the system takes a value (normalized) 
between 0 and 10. High score means that the driver is driving 
0.5–1 5.78
1–1.5 6.03
1.5–2 6.13
2–2.5 7.08
2.5–3 7.54
23 8.17
Table 2. Citroen Xsara Picasso 1.6 HDI 110 CV.
Acceleration (m/s )
0.5–1 6.11
1–1.5 6.24
1.5–2 6.45
2–2.5 6.67
2.5–3 7.60
8.3323
Table 3. Ford Fusion 1.4 HDI 80 CV
?????????????
2
????????????????????????Fuel Consumption (l/100 km)????????????????
Acceleration (m/s2) Fuel Consumption (l/100 km)????????????????????????????????????????????????????
6
efficiently. We have defined two spline-based membership 
functions: Not Efficient and Efficient.
Rules: The rules have been obtained through observa-
tion of real samples. Our fuzzy system has six rules:
? IF stdSpeed is high AND (acceleration OR deceleration
OR speed) is high THEN NonEfficient
? IF engineSpeed is high AND speed is low THEN NonEf-
ficient
?? IF acceleration is high and PKI is high THEN NonEfficient
?? If engineSpeed is high AND speed is high THEN Efficient
? If stdSpeed is low AND acceleration is low AND PKI is low 
THEN Efficient
? If stdSpeed is low AND deceleration is low THEN Efficient 
We can observe some rules such as “If engineSpeed is
high AND speed is high THEN Efficient” could come into 
conflict with classic eco-driving tips as “Engine speed 
should be low” and “Driver must not drive at high speed”. 
However, the idea of the fuzzy system is not to penalize the 
high vehicle speed when the frequency of the accelerations 
and its intensity are not high. The high vehicle speed is in-
efficient when the driver has to adjust the speed, wasting 
energy through brakes. Otherwise, it could have a positive 
effect on consumption because the engine will be working 
for less time. Furthermore, modern vehicles include aero-
dynamic improvements that reduce the impact on fuel con-
sumption. In these vehicles, the aerodynamic resistance 
force increases when vehicle speed is very high (greater 
than the usual speed in highway). On the other hand, when 
the driver is driving at low gear, the engine speed increases 
as well as fuel consumption. In this case, the high engine 
speed is not due to the vehicle speed. For this reason, we 
include the fuzzy rule: “IF engineSpeed is high AND speed 
is low THEN NonEfficient”.
Eco-driving advice are obtained calculating the differ-
ence between the attribute values. The attributes used to 
perform the comparison are:
? Percentage of time at high speed
? Percentage of time at high engine speed
? Percentage of sudden accelerations (positive and negative)
? Percentage of time at non-constant speed
The system compares each of the attributes of the user
telemetry with the best driver of the cluster. If the differ-
ence exceeds a threshold, the eco-advice associated with 
the attribute will be issued. For example, if a user drives at 
non-constant speed during 20 per cent of the trip and the 
best driver of the cluster drove at non-constant speed dur-
ing 5 per cent the trip, the system will issue the voice output: 
“Do not change the speed so often”.
C. Achievements
Gamification has several methods to get the attention of 
the user depending on the type of player. [41] defines four 
types of players: ambitious, winners, sociable and explorers. 
The ambitious players want to win in competitions and are 
encouraged with ranking. Sociable players want to create a 
friends network and contacts. The mechanisms used for this 
type of user are friend’s lists, forums and chats. Explorer 
users want to discover new things and are motivated through 
the implementation of complex achievements. Finally, the 
winner profile users want to achieve recognition, so the 
publication of achievements can be used to motivate them. 
Therefore, we can conclude that the achievements are an 
important element for many people in order to encourage 
them to save fuel and motivate them to continually use the 
eco-driving assistant. This method has a positive impact on 
the user to reach a pre-set of objectives and is based on the 
concept of “status”. For this reason, we have incorporated 
the following achievements to our eco-driving assistant:
? Having obtained 5 points by using the system
? Having obtained 7 points by using the system
? Having obtained 10 points by using the system
? Complete a lap without accelerating sharply
? Complete a lap without decelerating sharply
? Positive Kinetic Energy over 0.30 m/s2
? Positive Kinetic Energy over 0.26 m/s2
? Average deviation speed over 1.6
? Avoid driving at high speed
? Avoid driving at high gear
D. Customizing the Fuzzy Logic Rules and 
the Boundaries of the Achievements
Eco-driving techniques are based on the driver behavior to 
reduce fuel consumption. The main advantage of this solu-
tion is that it is valid for any vehicle regardless of its technol-
ogy. However, its effectiveness depends on the will of the user.
Efficient driving rules must be adapted for each vehicle 
and road conditions (weather and traffic state) in order 
to avoid the discouragement of the driver. Otherwise, the 
user may not use the proposal. We must bear in mind that 
the impact of accelerations, decelerations, vehicle speed 
and engine speed depends on the vehicle characteristics. 
For example, if the vehicle is old, the maximum speed from 
which the fuel consumption grows exponentially consump-
tion will be lower than in modern vehicles that have aerody-
namic improvements. Weather and road conditions also have 
an important effect on energy consumption, e.g.: a lowering 
of atmospheric temperature about 10 °C increases the fuel 
consumption around 4% [42].
In this paper, we propose to estimate the thresholds of 
the fuzzy rules and the achievements based on the telemetry 
from other vehicles belonging to the cluster (see subsection 
A “Identification of users with similar characteristics”) and 
the own. The procedure is as follows:
1) Choose the “n” driving samples with lower ratio “real
fuel consumption / mixed fuel consumption provided by 
the manufacturer” from the driver cluster.
2) Calculate the third quartile for each input variable from
the driving sample. 
7
3) The limit will be the average value of the third quartile
taking into account all selected driving samples.
?????? ?? ???????????????????????????????????????????????????
shows the driving samples on the driver cluster. The first 
column contains the ratio obtained by the driver. This value 
is used to select the samples. The following columns cap-
ture the intensity of the accelerations. We are assuming that 
each driver accelerated four times. 
The proposal chooses driver A and D, who have obtained 
lower ratio (0.23 and 0.22, respectively). Then, we select the 
third quartile for the driver A (2.25) and D (2.39). Finally, the 
threshold will be the average value from driver A and B, 2.39 
m/s2 in that case. Therefore, if the intensity of acceleration 
is higher than this number, driver is speeding up sharply. 
E. Non-Intrusive Communication with the User
The communication interface from the eco-driving assistant is 
very important. Distractions due to the manipulation of devices 
such as GPS receivers or mobile phones are the cause of a large 
number of accidents [43]. When designing an in-vehicle infor-
mation system it is important to ensure that the recommen-
dations and the method to convey these tips do not negatively 
affect cognitive processing and driving performance [44]. 
The eco-driving assistant has to be as less intrusive as pos-
sible. Instructions using voice output are less distracting and 
more usable than those systems presenting the information on 
a visual display [45]. However, an accurate speech recognizer 
and a clear voice user interface are necessary [44]. 
Our Android app (eco-driving assistant) uses voice out-
put such as: “Release throttle” or “Shift gears” in order to 
warn the user when he or she performs an inefficient action 
during the driving. The driving score and eco-driving tips 
based on comparison with other users are shown on the 
mobile screen when the trip finishes and are issued by the 
mobile speaker. In addition, the driver can match their 
results with others users when the vehicle is stopped.
On the other hand, the user interface is divided into two 
parts during the driving. The top notifies the user about the 
efficiency of the driving using a color code (table 5). The 
bottom shows an image related to the eco-driving advice 
with most mistakes the user. This user interface is very sim-
ple in order to avoid an increase in the cognitive load from 
the driver. Figure 3 shows the Android app during the tests.
F. Longitudinal Vehicle Dynamics Model
The input variables and the rules of the fuzzy logic system 
are based on the longitudinal vehicle dynamics given by the 
following equation:
( )m a F t F t F t F tv t a r g= - + +v v v v v^ ^ ^ ^h h h h  (2)
where F ttv ^ h is the traction force delivered by the car engine, 
mv  the vehicle’s mass, F tav ^ h the aerodynamic force, F trv ^ h 
the rolling force, F tgv ^ h the gravity force which is valid only 
if the vehicle is moving along a non-horizontal road, and av  
the vehicle’s acceleration.
The engine-generated tractive effort is given by:
F r
M n
t
e d0f= (3)
where Ft  is the engine-generated tractive effort, Me  is the 
engine torque in Nm, 0f  is the overall gear reduction ratio, 
nd  is the mechanical efficiency of the driveline, and r is the 
radius of drive wheels in meters.
The aerodynamic force (4) depends on the speed and the 
vehicle shape.
F C S v16
1
a x
2# #= (4)
where Cx  is the drag force, S  is the vehicle’s front surface 
(m2), and v  the vehicle speed (m/s).
Table 4. Driver cluster
Bluetooth Adapter 
Connected to OBD Port
Driving Evaluation:
Inefficient Driving (Red Color)
Driving Score: Under 5 Points
Eco-Driving Advice: 
You Should Not Drive 
at High Gear
FIG 3 Awareness game architecture.
Table 5. Color code used in the user interface.
Color
Efficient drivingGreen
Yellow
Red
Normal driving
Inefficient driving
????????????????????????????????Meaning?????????????????????
A 0.23 1 1.5 2 3
B 1.5 0.99 2 2.3 4
D 0.22 0.89 1.33 2.27 2.77
E 2 1.22 1.66 1.77 3
F 3 0.45 1 3 3
Driver Ratio Acceleration (m/s2)
?????????????????????????????????????????????????????
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Rolling force can be calculated using the following 
equation:
F Pr #n= (5)
where P  is the vehicle mass (kg) and n  is the rolling resis-
tance coefficient ( )n  whose value depends on a great num-
ber of parameters such as: the surface, the radius of the 
tire, the weight, the tire pressure, the temperature and the 
speed. However, we can estimate the coefficient using the 
following equation:
.
. . xk
pn
p
pn
p
100 5 1
5 5 9 8 5 3
100
2 2)n = +
+
+
+ ` j; E (6)
where k  is a coefficient dependent on the type of tire (0.8 for 
radial tires and 1 for diagonal tires), p is the weight per tire 
(t), pn  is the tire pressure (Kg/cm2) and x2  is the vehicle 
speed (Km/h).
Gravity has a direct impact on the vehicle when we go 
up or down a slope because we have to overcome this force 
which depends on the mass of the vehicle and the slope. 
When we go down, this force helps the movement, accelerat-
ing the vehicle. It is calculated using the following equation:
sinF P gg # # ?= (7)
where P is the vehicle mass (kg), g  is the gravitational con-
stant and ?  is the road slope angle.
The eco-driving assistant was deployed on Android mobile 
devices: Nexus S, Nexus 7, Galaxy Nexus and Htc One V. 
Nexus S and Htc One V have equipped with an ArmV7 pro-
cessor at 1 GHz, 512 MB of RAM. Nexus 7 has a Tegra 3 
processor at 1.2 GHz and 1GB of RAM. Galaxy Nexus has a 
ArmV9 processor at 1.2 Ghz and 1 GB of RAM. 
The OBDLink OBD Interface Unit from ScanTool.Net [46] 
was used to get the relevant data (vehicle speed, fuel con-
sumption, engine speed and acceleration) from the internal 
vehicle’s CAN bus. The OBDLink OBD Interface Unit con-
tains the STN1110 chip that provides an acceptable sample 
frequency for the system. In our tests, we obtain two sam-
ples per second.
In order to evaluate the energy savings achieved when 
using the proposed social game, 2160 test drives have been 
performed, using three different 
models of vehicles with 36 different 
drivers. The tests were performed 
in Granada (route A), Seville (route 
B) and Madrid (route C) during the 
months of March, April, and May 
2013. Initial tests (without eco-
driving tips) were completed dur-
ing 2012. Routes have urban road, 
secondary road and highway. All 
tests were completed under similar conditions (time, traffic, 
and weather) in order to make a fair comparison.
Route A length is 8.3 Km. This track has a 36.64% of high-
way and a 63.86% of urban road. The trip time estimated 
by Google under normal conditions is 18 minutes. Route B 
length is 8.3 Km. This track has a 48.51% of highway, 15.84% 
of secondary road and a 35.65% of urban road. In this case, 
the trip time estimated by Google under normal conditions 
is 15 minutes. Finally, route C has a length of 9.38 Km. This 
track has a 54.37% of highway, 23.45% of secondary road 
and a 22.17% of urban road. In this case, the trip time esti-
mated by Google under normal conditions is 15 minutes. 
The slope is not very steep in all cases.
A Ford Fusion 1.4 (2005) was used in route A. The 
users drive a Citroen C5 (2010) on route B. Finally, drivers 
employed a Citroen Xsara Picasso 1.6 HDI (2002) on route C. 
Table 6 show the vehicle characteristics in more detail. 
Drivers were divided into two groups for each route: 
control and experimental. All participants made an ini-
tial test (60 rounds) without eco-driving tips. Users from 
the control group did not participate in the social game. In 
this case, drivers only received classic eco-driving tips. For 
example, the assistant alerts the user when it detects that 
vehicle speed exceeds a limit.
In contrast, drivers from experimental group can see 
their score and the achievements, as well as match the 
results with other users. In addition, eco-driving advice are 
based on the comparison of the driving with other telemetry 
obtained under similar conditions.
Table 7, 8 and 9 capture the average fuel consumption 
obtained during 60 tests for each driver on route A, B and C, 
respectively. The improvement was 8.91% in route A, 9.66% 
in route B, and 7.38% in route C when we compare the fuel 
consumption between control and experimental group. 
Moreover, we can see that the drivers from experimental 
group tends to obtain a similar fuel consumption compared 
to the control group. The standard deviation was 0.26 (route 
A), 0.38 (route B), 0.35 (route C) for the control group, while 
the experimental group obtains 0.09 (route A), 0.10 (route B) 
and 0.12 (route C). 
In addition, the results show that sometimes the improve-
ments do not happen or are not very significant when the user 
does not have the gamification tool. For example, the aver-
age fuel consumption obtained by driver A was 7.76 l/100 km 
Table 6. Technical characteristics of Ford Fusion 1.4 used in Route A.
??? ???????
Route Maximum Power Maximum Torque
Mixed Fuel 
Ford Fusion A 55.2 kW at 5700 R.P.M 124 Nm at 3500 R.P.M 1157 kg 6.5 l/100 km
Citroen C5 B
Citroen Xsara Picasso C
103 kW at 4000 R.P.M 320 Nm at 2000 R.P.M 1683 kg 5.8 l/100 km
80 kW at 4000 R.P.M 240 Nm at 1750 R.P.M 1398 kg 5.1 l/100 km
?V???ehicle?????????????????????????????????????????????????????????W??eight??????????Consumption??????
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without eco-driving tips and 7.81 l/100 km with assistant (gam-
ification tools disabled). This conclusion was also obtained by 
other researchers [3] [5].
In order to validate that the energy savings when we 
employs the gamification tool are not due to random fac-
tors, the two samples t-test assuming unequal variances 
[47] has been used. Table 10, 11, 12 capture the average fuel 
consumption and the values of t-test for control and experi-
mental group. Considering the null hypothesis as: “there 
is no improvement in fuel consumption levels when using 
the awareness game” and calculating the p-value for each 
driver we obtain the following values: 8.39301E-38 (Route 
A), 1.88644E-36 (Route B), 2.78604E-35 (Route C). All values 
are below the 0.05 threshold). Therefore, the null hypoth-
esis (under the 0.05 threshold) can be rejected.
Table 13 shows the telemetry and the score obtained by 
the two groups during 60 rounds and the initial test. Control 
group improves all variables compared to initial test. How-
ever, the improvement is even greater when we use gamifi-
cation (experimental group). It is important to highlight that 
users from this group reduce the frequency and intensity of 
the slowdowns. The sudden accelerations only have a nega-
tive effect on energy consumption when they are followed by 
downturns. In these cases the energy is unused as lost heat 
through the brakes of the vehicle. 
Table 14 captures the number of drivers who earned each 
badge. Drivers with the game features enabled (experimen-
tal group), unlocked more achievements than users without 
the game features active.
The major difference introduced by the use of the gami-
fication is appreciated in the speed pattern obtained by driv-
ers with aggressive profiles. Figure 4 compares the speed 
pattern from a driver without social game (A) with the speed 
profile got by a driver from experimental group (B) on route 
A. Both are aggressive drivers. Figure 4 shows that Driver A 
drives faster than the driver B. This implies that driver A has 
to brake with more frequency and intensity. Therefore, the 
wasted energy is increased. In conclusion, the awareness 
Table 7. Average fuel consumption (l/100 km) obtained 
during 60 tests for each driver on Route A.
Route B
Initial Test
Control Experimental 
GroupControl Group Experimental Group
7.76 7.87 7.81 6.65
7.93 8.02 7.86 6.87
7.85 7.90 7.43 6.65
7.94 7.92 6.69 6.60
7.81 7.95 7.31 6.86
A
B
C
D
E
F 7.91 7.88 7.51 6.77
Table 8. Average fuel consumption (l/100 km) 
obtained during 60 tests for each driver on Route B
Route C
Initial Test
Control Experimental 
GroupControl Group Experimental Group
6.35 6.39 6.02 5.89
6.88 6.40 6.83 5.7
6.76 6.48 6.19 5.55
6.47 6.31 5.68 5.56
6.34 6.64 5.88 5.55
A
B
C
D
E
F 6.42 6.81 6.04 5.69
Table 9. Average fuel consumption (l/100 km) 
obtained during 60 tests for each driver on Route C
360
13.83
8.39301E-38
Samples
T Stat
P (T <= t) two tail
Table 10. T-Test on Route A.
360
13.37
1.88644E-36
Samples
T Stat
P (T <= t) two tail
Table 11. T-Test on Route B
360
13.09
2.78604E-35
Samples
T Stat
P (T <= t) two tail
Table 12. T-Test on Route C
??Driver????????????????????????????????????Group??????????????
??Driver????????????????????????????????????Group???????????????
Route A
Initial Test
Control Experimental 
GroupControl Group Experimental Group
6.9 7.11 6.28 6.11
7.25 6.78 6.84 6.33
7.29 7.17 7.16 6.25
7.06 6.91 6.82 6.25
7.17 7.21 6.8 6.24
A
B
C
D
E
F 7.39 6.68 6.97 6.05
??Driver????????????????????????????????????Group???????????????
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game has a positive impact on the softening of the driving. 
The gamification encourages users to comply with the eco-
driving rules, especially when the driver has an aggressive 
driving profile.
Figure 5 captures the progression of average fuel con-
sumption for control group on route A, B, and C. In this case, 
the fuel consumption improved initially. However, after a 
short period of time, fuel consumption is like the beginning. 
Drivers do not receive any encouragement to apply the rules, 
and therefore, they returns to their previous driving habits.
On the other hand, the drivers from the experimental 
group try to drive efficiently during all tests when using the 
gamification tools (figure 6). Finally, we must highlight that 
the driver takes several days to adapt to the use of the device 
in all cases. However, the user from the experimental group 
requires fewer days than the driver from the control group.
The conclusion is that the efficient driving assistant 
with gamification tools reduces fuel consumption com-
pared to the results obtained when the assistant shows only 
eco-driving tips. However, we always have to keep in mind 
that the improvement in fuel consumption depends on two 
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FIG 5 Fuel consumption progression after 60 rounds (control group).
Route Initial Test
Control 
Group 
Experimental 
Group 
Average acceleration 
(m/s2)
A 0.88 0.54 0.47
B 0.70 0.6 0.58
C 0.61 0.72 0.61
Average deceleration 
(m/s2)
A 0.85 0.56 0.52
B 0.69 0.6 0.55
C 0.75 0.6 0.54
Positive kinetic 
energy (m/s2)
A 0.55 0.33 0.26
B 0.53 0.36 0.28
C 0.40 0.28 0.26
High engine speed A 12.57% 11.14% 3%
B 0% 0.18% 0%
C 7.71% 6.50% 1.37%
High speed A 4.64% 0% 0%
B 8.50% 2.07% 0%
C 6.93% 2.44% 0%
Standard deviation of 
vehicle speed
A 3 1.74 1.45
B 2.29 2.08 1.83
C 2.09 1.95 1.64
Score (0–10) A 1.5 3.56 7.00
B 2.25 2.9 6.02
C 2.59 4.66 7.02
Table 13. Results obtained during 60 tests for each group.
Achievements
Control 
Group
Experimental 
Group
2 18
1 8
0 0
11 15
9 17
4 16
1 5
1 8
9 18
Obtain 5 points
Obtain 7 points
Obtain 10 points
Complete a lap without accelerating sharply
Complete a lap without decelerating sharply
PKI Value 1 0.30 m/s2
PKI Value 1 0.26 m/s2
Average deviation speed over 1.6
Avoid driving at high speed
Avoid driving at high gear 1 7
Table 14. Number of drivers who earned each badge.
??????????????????????????????????????????????????????
?????????????????????????????????????????????????????
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factors: the driver and the environment. The eco-driving 
technique allows us to save fuel whenever environmental 
conditions are appropriate.
In this paper, we have proposed to use gamification tools in 
order to encourage drivers to change their driving habits. In 
addition, the solution obtains the most relevant eco-driving 
tips by comparing the vehicle telemetry with other users with 
similar characteristics. The selection of the eco-driving tips 
that are shown to the user is very important in order to avoid a 
high cognitive load. Other solutions do not highlight which are 
the most important tips in order to improve fuel consumption.
The system evaluates the driving style from the view-
point of energy efficiency and assigns a score to each user. 
Then, users are grouped for comparison. The construction 
of the different user groups is performed taking into account: 
time, average speed, the percentage of time that the vehicle 
was stopped, the percentage of time that the driver drove 
at more than 50 km/h, the stop rate, the traffic events, and 
the weather conditions. The proposed system compares the 
telemetry of the best driver (highest score) with other users 
to get the eco-driving advice that should be shown to the 
user. Drivers can share their scores with other users or post 
them on external social networks like Facebook or Twitter.
The implemented awareness game has been validated on 
three different routes by 36 drivers. The results show the 
positive impact on fuel consumption when the user employs 
the system. However, the main contribution of this solution 
is that the user maintains the interest in complying with the 
rules over time. On the other hand, we observed that the 
driver takes several days to adapt to the use of the device. 
For this reason, the feedback provided by the system to the 
user in order to avoid that the driver partially loses his or her 
interest is very important.
As future work, we want to observe the effect of the solu-
tion in driving habits with a larger number of drivers, during 
a longer period of time, and under different road conditions. 
To accomplish this task, we want to adapt the proposal not to 
require the OBD adapter. In this case, we will only employ 
the sensors from the mobile phone to evaluate the driving 
style. For example, we can get the vehicle speed from the GPS 
sensor. This solution will allow us to broaden the number of 
participants significantly since many of them were reluctant 
to connect the OBD adapter to the vehicle bus. Furthermore, 
this new proposal will offer support for older vehicles that 
do not comply with the OBD2 protocol. Finally, it can also be 
interesting to study whether after switching off the system by 
a driver, he or she continues to maintain good driving habits 
or returns back to its original driving style.
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